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 In this modern era of information technology, advances in storage, processing and 

communication technologies have escalated the digitized organizations to record and 
manipulate massive streams of data. This leads to unprecedented data explosion that 

made a paradigm shift for analyzing a trove of intelligence from such data streams. Due 
to its ever growing nature, it is impossible to store fast evolving data streams in a stable 

environment or to scan through it multiple times with conventional data mining 

methods. It imminently has fostered the data mining research towards data stream 
mining which is focused on developing right methods to infer knowledge from such 

data streams. Among several data stream mining task, data stream classification 

garnered much attention of researchers which predicts and classifies the class labels 
based on training data streams in a resource aware environment. This paper is focused 

on surveying the state of the art in data stream classification task. 
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INTRODUCTION 

 

 A recent study on digital universe, EMC 2014, announced that the digital universe doubles for every two 

years and will grow from 4.4 trillion gigabytes to 44 zettabytes between 2013 and 2020. With this ever growing 

massive stream of electronic data, mining actionable insights is indeed inevitable task of almost all digitized 

data-intensive applications. Traditional data mining algorithms with its features such as multiple pass, 

permanent storage of data and preloaded training data, becomes unsuitable to make timely decisions. To 

confront these challenges, research on data stream mining has been emerged. Some of the distinguished features 

of data streams includes: (a) ever growing volume, (b) infinite length, (c) fast evolving & (d) rapid and temporal 

sequence (Md. Farid et al., 2013). Among several data stream mining tasks, data stream classification is more 

important task that predicts and classifies the class labels of testing data streams based on training data in a 

resource aware environment.  

 Conventional data mining classification techniques such as decision tree induction, Naive Bayesian, 

Support Vector Machine, etc cannot be directly applied to deal with concept drift in data streams where single 

scan and limited resources are the major constraints (Brzezinski et al., 2014). This is because; most of them 

work well in static environments where resources and training data are small and fixed and also waits until the 

complete arrival of testing dataset. As aforesaid, they also need multiple scans of data for classification and 

dataset need to be stored in main memory (Joao Gama, 2013). Shortly, incremental and online algorithms have 

been devised for data stream classification.  

 To learn from dynamic environment, online learning algorithms which have the ability to learn from the 

data stream, even when not having the complete training data for a while at the beginning, are more suitable and 

the model will be constantly updated during the arrival of fast evolving massive training data. Initially, 

incremental algorithms, less restrictive than online algorithms are used in a data stream processing that process 

input instances one-by-one and update the model only after receiving each instance (Jesse Read et al., 2012). 

Data stream classification algorithms confronts many challenges such as real time analysis, concept drift, 

temporal locality, concept evolution, feature evolution, class imbalance, partial labeling and discriminating 

novel classes from outliers (Masud et al., 2013). Major differences between data classification and data stream 

classification are given in Table. 1. 
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Table 1: Comparison of Data Classification and Data Stream Classification. 

Features Data Classification Data Stream Classification 

Training data & Distribution Center Pre trained and fixed Changeable and evolve over time 

Class Labels Predictable Unpredictable 

Model revision Rare Most common and frequent 

Arrival of Test data Bounded unbounded and speedy 

Environment Bounded storage Resource aware environment 

Concept Drift Not applicable Applicable 

Algorithms Batch mode algorithms Incremental or online algorithms 

Visualization of result Feasible Highly challengeable 

Forgetting Mechanism Not applicable Applicable 

 

 This paper is organized into four sections. The second section addresses various pre-processing techniques 

of data streams, the third section addresses the popular data stream classification methods and the last section 

discusses about concept drift detection and handling methods.  

 

Data stream preprocessing: 

 Data Stream Classification is the process which predicts or classifies the class labels of incoming instances 

with very little knowledge about the prior instances. To deal with resource constraints (time, space) with 

efficacy, light weight pre-processing methods are highly recommended to be applied before performing data 

stream classification.  

 

Taxonomy of Data Stream Pre-processing Techniques: 

 Data Stream Pre-processing techniques can be broadly classified into two categories namely; Data based 

processing and Task-based processing (Gaber et al., 2005) 

 

Data Based Processing: 

 Data based processing or summarization generally provides approximate solutions either on whole or subset 

of the data stream. The whole set summarization includes synopsis data structure and aggregation. Sub set 

summarization comprises sampling, load shedding and sketching techniques. Data based summarization are 

widely used for making real time analysis to achieve one pass scanning of data streams in a resource-aware 

environment. When it is applied, one needs to be aware of incomplete representation of the data streams where 

chances of yielding inaccurate results are more. 

 

Task Based Processing: 

 Task-based techniques modify existing data stream classification techniques and invent new ones in order 

to deal with the computational challenges of data stream processing. Sliding window, approximation algorithms, 

and Algorithm Output Granularity (AOG) are the most popularly used task based processing techniques.  

 

Data stream classification: 

 Conventional classification techniques perform batch learning on small datasets. However, this batch 

learning is not successful when applied on highly fluctuated data streams. Most popular categories of data 

stream classification approaches cited in the literature survey are (Farid et al., 2013, Tsai et al., 2007), 

  Window Based Approaches  

  Weight based /Aging Techniques 

  Ensemble Techniques 

 Incremental Learning Approaches 

 

Window Based Approaches: 

 Window Based Approaches only deal with the recent history of the stream and achieves better classification 

at resource aware environment where bounded memory and processor time are the major constraints. Fixed 

sliding window, adaptive window, landmark window, probabilistic approximate window and self-adaptive 

sliding window model are more popular window based approaches. 

 

Weight Based Approaches/Aging Techniques: 

 In this approaches, weights are assigned to instances of data streams according to its age, which is 

calculated based on the time of its arrival. Damped window and family of FISH algorithms are the most widely 

used weight based approaches. Damped window model provides a window with a decay function that assigns a 

weight to each instance, and lowers the weight exponentially over the time. FISH algorithms (uniFied Instance 

Selection algoritHm) uses time and space information to establish the training window and the training instances 

at each time step (Indre Zliobaite, 2011).  
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Incremental Learning Approaches: 

 Incremental learning is a classification task in which the classifiers learn from dynamic training data which 

will evolve over time by incrementally revising the model, either by using single classifier approach or 

ensemble classifier approach (Farid et al., 2013). These incremental learning approaches require less or no 

access to the previously used training data while preserving the knowledge about historical data and have the 

ability to learn novel classes.  

 Single incremental learning model teaches a single classifier using a specific learning method and needs to 

be tailored to gracefully handle concept drifts and novel classes. Whenever concept drift occurs; this process 

performs complex operations to modify the internal structure of the single classifier, which debases the 

classifier’s performance on the data stream environment. On the contrary, ensemble classifier approach contains 

multiple classifiers which are predetermined and fixed during the learning, and need to be updated at each time 

when concept drift occurs.  

 

Single Incremental learning Approaches: 

 Initially, Decision Tree algorithms, like ID3, C4.5 and CART, are found as more popular and efficient 

classifier, where all training sets are stored in main memory. Since it limits the size of the training datasets, it is 

not applicable for learning data streams. In contrast, some other decision tree learners like SLIQ and SPRINT, 

only provides large data sets storage in disk, but not efficient data stream classification. Shortly, Number of 

decision tree based data stream learners have been devised, such as, VFDT, CVFDT, VFDTc, aCVFDT, etc. 

The main drawback of the decision tree based data stream classifier is that it is more sensitive to even small 

concept drift which may degrade classification accuracy. 

 Pedro Domingos et al., 2000, proposed Very Fast Decision Tree (VFDT), which is one of the first 

algorithm that can learn from high speed data streams with small constant time per example and is based on 

Hoeffding Tree which uses Hoeffding Bound to choose best node splitting attribute. Its drawback is that it does 

not deal with concept drift. VFDT is the pioneer for many algorithms like CVFDT, VFDTc, I-OVFDT, UFFT, 

H-CVFDT, etc.  

 Gama et al., 2006, proposed VFDT for continuous attributes (VFDTc) has the ability to deal with numerical 

data and provides more powerful classification for continuous data than VFDT. It applies naive Bayes classifier 

at binary tree leaves and detects concept drift by continuously monitoring the differences between the class 

distributions. C. Aggarwal et al. 2006, proposed On-Demand Classification framework to perform dynamic 

classification of data streams that applies horizon fitting to perform dynamic classification of data sets by 

adopting micro clustering and geometric time window approach that aids to maintain up to date snapshots with 

less storage and processing overhead.  

 One-class Very Fast Decision Tree algorithm OcVFDT is a single class classifier derived from VFDT. Its 

computational speed and accuracy is good when applied to the data stream that focuses on negative examples 

(Chen Li et al., 2009). Hashemi et al., 2009, proposed a Flexible decision tree, FlexDT that extends fuzzy logic 

to data stream classification to exploit its strengths of adaptability, robustness and fault tolerance. OVFDT 

(Optimized Very Fast Decision Tree) aggravates the overfitting problem found in VFDT while guarantying the 

optimal accuracy and compact tree size. Incrementally Optimized Very Fast Decision Tree (iOVFDT) ( Hang 

Yang et al., 2012) is an incremental optimization learning method that improves the classification accuracy by 

implementing an incremental pre-pruning mechanism, Functional leaf strategies and adaptive tie breaking 

threshold that control node-splitting process.  

 Adaptive Very Fast Decision Rules (AVFDR) is an extension of VFDR Algorithm incorporates faster 

adaptation to a change and also serves as rule set pruning by removing the outdated rules (Kosina et al., 2012). 

Gang Liu et al., 2013, proposed, Efficient CVFDT (E-CVFDT) which implements cache mechanism by 

anticipating the instances with all kind of concept drifts namely accidental, gradual, and instantaneous concept 

drift. Albert Bifet et al., 2009, proposed, an algorithm, Adaptive-Size Hoeffding Tree (ASHT) that imposes 

limitations on tree growth where each tree has an associated weight that is proportional to the inverse of the 

square of its error. If the number of decision nodes in a tree exceeds the maximum number of nodes allowed, 

then the algorithm deletes some nodes to reduce the size of the tree. ASHT is developed to improve the 

performance of ADWIN Bagging.  

 The above said Single Incremental learning approaches learn from single portion of stream and updates the 

model using the newly arrived instances over time are always time and space consuming in case of concept drift.  

 

Concept drift: 

 Concept drift occurs when underlying data distribution changes over time, where the models need to be 

retrained or adapted. Moreover, Concept drift handling system should be able discriminate concept drift from 

outliers which may be noise that do not comply with normal behaviour of the system and react to concept drift 

as soon as possible with limited resource constraints. 



79                                                            S. Jayanthi and B.Karthikeyan,2014 

Advances in Natural and Applied Sciences, 8(17) Special 2014, Pages: 76-82 

 

 

 Concept drift handling systems can be classified into proactive/perceptive/trigger insensitive and 

reactive/blind/trigger sensitive. The former system constructs a model upon a concept drift and the later foresees 

concept drift and continuously adapt the current model. Ying Yang et al., 2006, proposed RePro that combines 

both the reactive and proactive approaches by using its history. Concept drift can be categorized into noise, blip, 

sudden, incremental, gradual and recurring concept drifts (Kuncheva , 2008). 

 Block-based ensembles offer accurate reactions to gradual and recurring changes. Online ensemble can deal 

with abrupt and blip drifts. Concept drift handling systems should also concern about the recurring concept 

which is an active concept in the history and may reappear in the future (Gomes et al., 2014). Concept drift can 

be identified with instance selection approaches, instance weight based approaches, ensemble learning 

approaches (Tsymbal, 2008, Md. Farid et al., 2013). Even though there are number of single classifier 

approaches, Ensemble classifier approaches yields higher accuracy rate in various types of drifts with its 

modularity trait, by providing a natural way of adapting to concept drift (Dewan Md. Farid et al., 2013, Dariusz 

Brzezinski et al., 2013, Wang et al., 2002). 

 

Drift Detection Methods: 

 Drift Detection Method (DDM) detects drifts by perceiving the difference in classification accuracy. 

Numbers of Drift Detection Methods are studied in literature, and the most cited drift detection methods used in 

data streams are reviewed here. Drift Detection Method (DDM) (Gama, 2004) calculates the error rate of the 

classifier at each iteration, where significant increase in the error indicates concept drift occurrence. Early Drift 

Detection Method (EDDM) (Baena-Garcia et al., 2006) detects drifts by calculating distance between two 

consecutive classification errors where a significant decrease in distance indicates the concept drift.  

 Cheng-Jung Tsai et al., 2009, proposed the Concept Drift Rule mining Tree(CDR-Tree) that aims at 

discovering concept drifting rules. CDR-tree is formed by first integrating new old instances into pairs and then 

built in the way similar to the manner of traditional decision tree. Its drawback is that handling of multi block 

data streams is complex.  

 

Ensemble Classifier Approaches: 

 It is well known in the data mining community that there is no single algorithm achieving the best accuracy 

for all situations. That is, an algorithm that works well on one or several datasets, may work badly on others. To 

address this issue, an ensemble of classifiers can be used to produce better results in classifications in 

comparison to a single classifier. Ensemble classification is the process in which multiple classifiers are 

combined to solve a particular problem. Ensemble classification methods differs over several dimensions such 

as, choice of the base classifier, handling of the input training data, the aggregation approach for the outputs of 

member classifiers, the way to initialize and adapt the ensemble weights and to retrain the individual 

models(Rokach, 2010). 

 Ensemble classification methods can broadly be categorized into homogeneous and heterogeneous 

ensemble methods. In homogeneous ensemble, each classifier in the ensemble is of same type, but each with 

different attribute list, training set and distribution centre. In heterogeneous ensemble, each classifier in the 

ensemble is different and also maintains high diversity. Current adaptive ensembles can be further divided into 

block-based and online approaches. Block-based ensemble approaches learns when block of n examples 

available. It evaluates its components periodically by using weighting approaches. Online ensemble approaches 

learns the examples immediately upon its arrival. 

 The Streaming Ensemble Algorithm (SEA) (Street and Kim, 2001) is a batch based classifier handling 

concept drift, by training a new classifier for each batch of new data and will be added to the existing ensemble 

by pruning a worst performing classifier using simple majority voting approach. Accuracy Weighted Ensemble 

(AWE) (Wang, H., et al., 2003) trains a new classifier on each block of incoming data and evaluates all the 

existing classifiers in the ensemble according to the current or recent data chunk using a weighted voting 

approach. Dynamic Weighted Majority (DWM) ( Kolter and Maloof, 2003) is an online classifier ensemble 

approach that adds and removes base learners upon the arrival of new instances or concept drift respective to 

their accuracy in global and local performance, calculated using weighted majority voting approach. Law et al., 

2005, proposed an Adaptive Nearest Neighbor Classification Algorithm for Data Streams (ANNCAD) to handle 

sudden concept drift that adaptively find its neighbouring cells and expands the nearby area of a test point for 

the arrival new data points. It achieves its performance by using small classifier ensembles.  

 Bernhard Pfahringer et al., 2007, proposed the Hoeffding Option Tree (HOT), which is a regular Hoeffding 

tree containing additional optional node that performs several tests on different attributes, where each test leads 

to a separate sub tree that needs a mechanism for controlling the tree growth explosion. Final decisions can be 

made by weighted combination of results of sub trees. Accuracy Updated Ensemble (AUE) is a batch, 

incremental ensemble approach deals with concept drift by incrementally selecting and updating the classifiers 

in the ensemble according to the current distribution. AUE2 is an extension of AUE1 that deals all different 
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kinds of concept drifts equally by combining accuracy-based weighting approach with Hoeffding Trees (D. 

Brzezinski et al., 2014). 

 The Weighted Majority Algorithm (WMA) assigns a weight equally to all the classifiers in the ensemble. It 

outputs the prediction of the classifier having highest weight. Adaptive Size-Hoeffding Tree Bagging (ASHT 

Bagging) uses hoeffding trees of different sizes, with the assumption that small size trees adapt quickly to 

changes and large ones works better for long periods. After each node split, it updates the tree ensemble by 

deleting some nodes to reduce its size. ADWIN Bagging uses ADWIN as a change detector and when a change 

is detected it replaces the underperforming classifier with a new one (Albert Bifet, 2009).  

 Tsymbal et al., 2008, proposed a dynamic integration of classifiers, which has been trained over different 

time periods, respective to its weight relative to its local classification accuracy. Peng Zhang et al., 2011, 

proposed an Aggregate Ensemble Framework, a mixture of horizontal and vertical frameworks which brings 

forth the strength of both frameworks to better classify the concept drifting data streams even in the presence of 

errors.  

 L. Minku et al., 2012, made a diversity analysis and classification on the different types of concept drift 

using ensemble technique and also they suggested that the accuracy of the classification not only depends on the 

diversity of the ensemble, but also the accuracy the each classifier on the ensemble. To achieve this, a new 

ensemble framework is proposed, Diversity for Dealing with Drifts (DDD) that deals with concept drift by 

maintaining ensembles with different diversity levels. M. Masud et al., 2011, presented a multiclass framework 

that discriminates the novel class instances from different existing classes’ instances and also checks the outliers 

about the potential of forming novel classes, under timing constraints. 

 Adaptive Ensemble Model(AEM) addresses concept drift and novel classes by using decision tree 

classifiers with clustering and it involves two phases, training and testing phase. In training phase, it constructs 

decision trees by selecting the training instances that do not belong to any one of the existing clusters formed 

and then it performs novel class detection in the testing phase. It employs majority voting method in the 

ensemble of classifiers (Md. Farid et al., 2013). 

 Dariusz Brzezinski et al., 2014, proposed Online Accuracy Updated Ensemble (OAUE) method, an 

incremental ensemble learning method that combines the weights, trains and removes component classifiers 

incrementally based on their errors in constant time and memory. Peng Zhang et al., 2014, proposed a height 

balanced tree, E-TREE (Ensemble Tree), an efficient indexing structure that arranges base classifiers in the 

ensemble and treats the ensemble model as a spatial database. E-Tree achieves sub linear prediction time by 

having two components, R-tree like structure and a table structure that facilitates to classify each incoming data 

stream, insert new base classifiers and delete the outdated ones from the E-Tree. 

 From the above stated research works, it is noticed that ensemble classification is the widely used and 

popular approach to cope up with concept drift and novel class detection. 

 

Conclusion: 

 This paper discusses about the state of the art of data stream classification in terms of four major research 

areas: window based approaches, weight based approaches/aging techniques, ensemble techniques and 

incremental learning approaches that deals with concept drift and novel classes. Despite the growing number of 

research in data streams classification, it is noticed that research on data stream classification is still in 

preliminary stage, since only much sparse work has been taken place to deal with all the challenges collectively 

in a single application and that too are not thoroughly evaluated on large scale, real world problems. Moreover, 

the technique which gives solution to one challenge is not successful on other challenges and on the same 

application. This paper gives an overview of various data stream classification algorithms that handles concept 

drift, multi class imbalance and novel class detection problems. With some few modification or synergization, 

data stream classification algorithms can be improved to handle all these challenges in a single application. The 

study on this paper will tempt the research scholars to explore novel data stream classification models that 

address all of its issues. 
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